Abstract:
INTRODUCTION
Lung cancer is the leading cause of cancer deaths worldwide among both men and women, with more than 1.8 million cases have been reported in 2012. Non-small cell lung cancer (NSCLC) accounts for about 80% of all lung cancers with an incidence of over 2,00,000 new cases per year and a very high mortality rate [1] . Lung tumors can be divided into two histological groups: non-small cell lung cancer (NSCLC) (80.4%) and small cell lung cancer (SCLC) (16.8%). NSCLC, consisting mainly of adenocarcinoma, squamous cell and large cell carcinoma, accounting for almost 80% of lung cancer cases, whereas SCLC is slightly more common and all known cases are due to cigarette smoking [2] .
Lung cancer can be diagnosed in the initial stages, after the initial diagnosis, accurate staging of non-small cell lung cancer using computed tomography or positron emission tomography is crucial for determining appropriate therapy. When feasible, surgical resection remains the single most consistent and successful option for cure. However, close to 70% of patients with lung cancer are present with locally advanced or metastatic disease at the time of diagnosis. Chemotherapy is beneficial for patients with metastatic disease, and the administration of concurrent chemotherapy and radiation is indicated for stage III lung cancer. The introduction of angiogenesis, epidermal growth factor receptor inhibitors, and other new anticancer agents is changing the present and future of this disease and will certainly increase the number of lung cancer survivors [3] .
In recent years structure-based approach has made possible, by knowledge of the structure of the target from crystallography, a ligand-based approach like 3D pharmacophores which may provide an alternative and complementary tool for drug design. [4] Ligand-based drug design (or indirect drug design) relies on knowledge of other molecules that bind to the biological target of interest. These other molecules may be used to derive a pharmacophore model that defines the minimum necessary structural characteristics a molecule must possess in order to bind to the target [5] . Hence, a study was planned to evaluate the interaction of the selected ligand with a target protein of lung cancer [6] . The increment in the speed and efficiency of drug discovery has seen huge investments by major pharmaceutical companies, which is the primary aim of reducing cost per synthesized compound or assay. Computational models were able to predict the biological activities of compounds by their structural properties which are powerful tools to design highly active molecules. Quantitative structure-activity relationship (QSAR) studies have been successfully applied for modelling biological activities of natural and synthetic chemicals [7] . The current study involves the development of 3D-QSAR models to predict the inhibitory activity of a set of 18 flavonoids. Non-Small Cell Lung Cancer EGFR plays a key role in cell signal transduction, it is an oncogene causing cancer through over expression of EGFR ligands, amplification of EGFR, and the prolonged activation in mutated EGFR-TK [8] . Approximately 10% of patients with NSCLC in the US and 35% in East Asia have tumour associated EGFR mutations [9] .
Pharmacophore mapping is a broad strategy which includes a variety of experimental and computational approaches. This can be as different as a synthesis of the diversified molecular structures in the attempt to measure chemical, physical and biological characteristics and to describe structure-activity relationships (SAR) and further computational analysis of this data [10] . Therefore, discovering three-dimensional pharmacophores which can explain the activity of a series of ligands is one of the most significant contributions of computational chemistry to drug discovery [11] . Phase is a pharmacophore modeling package. It follows a hypothesis generation step, with a grid-based 3D QSAR method, in which the grid positions of atoms in molecules overlaid to the hypotheses are correlated to their activities using a partial-least-squares (PLS) fitting approach [12] .
It is our aim to develop a model which depicts the crucial structural features responsible for anti-lung cancer activities. The models developed for the receptor have been analyzed to identify potential areas of selectivity in the hyperspace of 3D pharmacophores that may lead to the discovery of anti-lung cancer drug or such compounds which could serve as templates for the design of new molecules as potential anti lung cancer agents [13] . The current study involves the development of 3D-QSAR models to predict and interpret the inhibitory activity of a set of 18 Quercetin derivatives, reporting a QSAR model for describing these compounds by using multi regression analysis with classical and quantum chemical descriptors reported linear and nonlinear QSAR models and found that structural features related to the molecular topologies and charges are related to the inhibitory activity of the compounds.
MATERIALS AND METHODS

Preparation of Compound Library
The compounds of natural origin were identified from literatures. In the present study a data set of 18 compounds which have anticancer activity has been reported was used given in Table 1 .
Ligand Preparation
A group of Quercetin derivatives, were taken from literature and as mentioned in Table 1 . Chemsketch software was used to sketch the structures and was converted to their 3D representation by using Chemsketch 3D viewer of ACDLABS 8.0. Ligprep module of Schrodinger was used for Ligand preparation. All the 18 compounds were imported into software through project table. The entries were selected one by one and then minimized using impact with force field OPLS_2005 before preparing ligand. Then minimized compounds were selected one by one and prepared using ligprep application. LigPrep is a robust collection of tools designed to prepare high quality, all-atom 3D structures for large numbers of drug-like molecules, starting with 2D or 3D structures in SD or Maestro format [21] . 
Protein Preparation
The x-ray crystallography structure of EGFR protein of NSCLC was retrieved from PDB (ID: 1MOX). In order to be used as a receptor for docking, protein structures should be processed. Schrodinger Suite automates this work, and the necessary preparation can be carried out by launching the Protein Preparation Wizard from the Workflows menu. Protein is selected in the project table. Hit preprocess. From the preprocess result, one chain is restored and other chains are deleted, water molecules and ligands present. The refinement compound performs a restrained impact minimization and impact optimization of the crystallized compound which reorients side chain hydroxyl groups and alleviates potential steric clashes [21] . The protein was optimized with OPLS 2005 force field and then minimization is done under the criteria of after 5000 steps or after the energy gradient converged below 0.5Kcal/mol.
Receptor Grid Generation
Grid files represent physical properties of a volume of the receptor (specifically the active site) that are searched when attempting to dock a ligand. The shape and properties of the receptor are represented on a grid by several different sets of fields that provide progressively more accurate scoring of ligand poses. The active sites of EGFR protein were obtained from PDBsum. They are Lys5(A), Asn32(A), Asn33(A) and Gln28(A). All these active sites are selected for the generation of the grid which can be done under 'Receptor grid Generation' of Glide.
Ligand Docking
The ligands were docked initially using the "standard precision" methods and further refined using "extra precision" Glide algorithm. The generated grid is taken as the receptor. The docking can be done under 'Ligand Docking' of Glide.
Here we use Flexible docking, where the ligand is kept flexible and the energy for different conformations of the ligand fitting into the protein is calculated. It was done successfully and docking scores were obtained for all docked ligands. OPLS_2005 force field was used for this work. Selection of the final docked pose is accomplished using a glide score, which is model empirical function that combines empirical and force field based terms Table 2 . 
3D QSAR Study
In order to predict the Quantitative structure activity relationships between the activation of flavonoids derivatives and to derive a predictive model, activity values are analyzed using 3D QSAR. Given a set of molecules with high affinity for a particular protein target, Phase uses fine-grained conformational sampling and a range of scoring techniques to identify common pharmacophore hypothesis, which convey characteristics of 3D chemical structures that are critical for binding. Each hypothesis is accompanied by a set of aligned conformations that suggest the relative manner in which the molecules are likely to bind. The aim of QSAR study will be to derive a correlation between the biological activity of a set of molecules and their pharmacophore based descriptor [22] . This correlation will be derived from a series of superimposed conformations, one for each molecule in the set [21] .
Pharmacophore Descriptors:
Number of acidic atoms Number of basic atoms Number of hydrogen bond donor atoms Number of hydrophobic atoms Sum of VDW surface areas of hydrophobic atoms
In order to investigate the quantitative relationships between the activities of Quercetin derivatives and to derive a predictive model that will be useful in future, the activity values were analyzed using a 3D QSAR strategy. Discovering three -dimensional pharmacophores that can explain the activity of a ligands is one of the most significant contributions of computational chemistry to drug discovery, and Phase is one of the most recently developed pharmacophore tools. Phase has a hypothesis generating step based on a grid-based 3D QSAR method in which the grid positions of the atoms in the molecules superimposed on the hypothesis are correlated with their activities using a partial least square (PLS) fitting. The main stage of hypothesis are summarized in Fig. (1) [12] . 
Scoring Function
A systematic search was performed to determine significant descriptors. Some of the descriptors were rejected because they contained a value of zero for all the compounds. In order to minimize the effect of colinearity and to avoid redundancy correlation matrix developed with a cut off value of 0.6 and the variables physically removed from the analysis which show exact linear dependencies between subsets of the variables and multi colinearity (high multiple correlations between subsets of the variables). From descriptors thus remained, the set of descriptors that would give the statistically best QSAR models were selected from the large pool using a Genetic function approach. The genetic algorithm starts with the creation of a population of randomly generated parameter sets. The usage probability of a given parameter from active set is 0.5 in any of the initial population sets. The sets are then compared according to their objective functions. The form of objective function favors sets that have the r 2 as high as possible, while minimizing the number of parameters used as descriptors. The higher the score the higher the probability of a given set will be used for the creation of the next generation of sets. Creation of a consecutive generation involves crossovers between set contents, as well as mutations. The parameters set used for genetic algorithm includes: mutation 0.1, crossover 0.9, population 300, number of generations 1000, R 2 floor limit 50% and objective function was R 2 /N_par. The algorithm runs until the desired number of generations is reached. Equations were developed between the observed activity and the descriptors. The best equation was taken based on the statistical parameters such as regression coefficient (r 2 ), adjusted regression coefficient (r 2 adj ), regression coefficient cross validation and F-test values.
RESULTS AND DISCUSSION
Docking Study of the Compounds
The docking scores and energy values obtained are tabulated for each entry of XP result.
The docking score were obtained for most of the compound which varies from between -9.66 to 7.11. Monochloropivaloyl Quercetin, Pent acetyl Quercetin, Monoacetyl Di(Diacetylcaffeoyl) Quercetin,Tri(Trimethylgalloyl Quercetin, Tri(Diacetylcaffeoyl) Quercetin, Quercetin-3-7,3,4 Tetramethylether(Reagent or Standard grade), Di(Diacethylcaffeoyl) Mono (Monoacetylcaffeoyl) Quercetin. shows low docking score but the docking energy of the compounds except Di(Diacethylcaffeoyl)-Mono (Monoacetylcaffeoyl ) is good. Obtained docking score of Quercetin derivatives by using flexible ligand docking are equivalent to [23] .
The interaction of the ligands with the active sites of the protein is illustrated through the hydrogen bonds formed between them. The presence of hydrogen bonds confirm the strength of the interaction between the ligands and the protein. Almost all the ligands show hydrogen bond interaction with the protein. The number of hydrogen bond ranges from 7 to 1. The highest number of hydrogen bonds is being shown by Quercetin-3-Sophroside and Quercetin-3-0-BGlucopyranoside whereas Di(Diacethylcaffeoyl) Mono (Monoacetylcaffeoyl) Quercetin, Tri (Diacetylcaffeoyl) Quercetin, Tri(Trimethylgalloyl Quercetin and Tri (Monochloropivaloyl) Quercetin shows less interaction. Hence we have similar interactions as compared to [23] . 
Pharmacophore Model Generation
Pharmacophore model generation was done for all the 18 Quercetin derivatives were docked to the protein site and taken for the receptor mapping. The activity threshold is assigned as above 11 active molecules and below 7 inactive molecule. Thus after defining the variant list as 5 and minimum number of 4 ligands that should match out of 12 active ligands, 50 hypothesis were generated (Table 3 ) out of which the hypothesis with R 2 value above 0.5.
Reliable predictions can only come from statistically valid QSAR model. There are several statistical parameters, such as leaven -out cross validation for training set (R 2 ), leaven-out validation for test set (Q 2 ), standard deviation (SD), root mean square error (RMSE), and variance ratio (F) that can be used to evaluate the robustness of a QSAR model ( Table 4) . The Q 2 value of all the hypothesis are greater than 0.55, F-test values are very high. High is necessary, the best QSAR model should be chosen based on its predictive ability, so the best model should have high Q 2 value also [24] .
The pharmacophore models generated consisted of 5 features namely hydrogen bond acceptors and aromatic rings.
Though the pharmacophore features are the same, the 3D spatial arrangements of the pharmacophoric features were found to be different. QSAR models have been built for all 18 compounds to identify the better pharmacophore model among the obtained sets.
For each hypothesis generated, the active molecules were scored, number of sites matched and identified the match that gives the highest fitness score and their 3D QSAR models were built. The predicted activities for each ligand with respective hypothesis were obtained and for each hypothesis the ligands have been divided into training set and test set. Regression coefficient (R 2 ) value is calculated between experimental activity and predicted activity for both training set and test set ligands. The hypothesis AAARR.1386 is taken as the best hypothesis. The experimental activity, predicted activity and fitness for both training ( Table 5 ) and test set ( Table 6 ) are summarized which was based on [23] .
Validation of QSAR Prediction Model
The predictive capability of the QSAR equation was determined using leave-one out cross validation model. The cross validation regression coefficient (q 2 cv ) was calculated by the following equation.
Where, y pred , y exp, ȳ and are the predicted, experimental and the mean values of experimental activity, respectively. Also the accuracy of the prediction of the QSAR equation was validated by F-value, r 2 and r adj 2 . A large F indicates that the model fit is not a chance occurrence. It has been shown that a high value of statistical characteristics is not necessary for the proof of a highly predictive model [24] . Hence, in order to evaluate the predictive ability of our QSAR model the values of the of the correlation coefficient of predicted and actual activities and the correlation coefficient for regressions through the origin (predicted vs. actual activities and vice versa) were calculated and a score value of 0.76 for the test set and a score value of 0.86 for the training set were obtained, which is similar to [23] .
The data points would need to be on the R 2 line for a R 2 value of 1.0. The graphical representation of the activity values and their correlation relationship between predicted and experimental activities as per Pharmacophore generation of the training set compounds as well as test set compounds are shown in Fig. (2) and Fig. (3) , which has given similar predicted versus actual activity values for the training set of the Phase model as [23] . In Fig. (7) blue cube indicate favorable regions while red cube indicates unfavorable regions for activity, the representation of the 3D QSAR models [25] . In these types of figures, the cubes that represent the model are displayed and colored according to sign of their coefficient values where blue indicates positive and red indicates negative coefficient respectively, and indicate regions that increase or decrease the analyzed parameter. One of the advantages of using these representations is that the position of the cubes in the 3D-QSAR model can be compared with the positions of the amino acid residues in the active sites. This might provide insight into which functional groups are desirable or undesirable at certain positions of a molecule [26] .
Most of the ligand molecules were shown to have good fitness value for the hypothesis with highest value generated AAARR.1386. The hypothesis had a regression coefficient of 0.76 for test set and 0.86 for the training set, after the Predicted and Experimental IC 50 values and their correlation were graphically depicted. All these ligand molecules have been overlaid along with the best fitness ligand molecule as shown in Fig. (6) . When all the ligand are aligned into the pharmacophore model hydrogen bond acceptor, aromatic rings and hydrogen bond donors are recognized as favorable regions. From the best Phase hypothesis the functional features were identified as 3 hydrogen bond acceptors and 2 aromatic rings. Therefore the results obtained from this pharmacophore model is equivalent to the work done by [23] . 
CONCLUSION
This project was aimed for pharmacophore mapping of NSCLC cells by focusing on finding the structure of the receptor. The compounds were of natural origin, which are known to act on the NSCLC protein and obtained from literatures. Then their interaction with EGFR was studied to find one of the best potential targets. Hence, we have shown a pharmacophore based 3D QSAR study of Quercetin derivatives that are aimed at inhibiting EGFR protein.
Most of the molecules proved to be effective in terms of their binding score, the best score being -9.66028 and the binding energy value -74.45. From the 50 hypothesis obtained from Phase methodology, a robust pharmacophore model was developed statistically, the best hypothesis was obtained by calculating the regression coefficient (R 2 ) for each of them taking into consideration their Experimental and Predicted IC 50 values and also taking into account their fitness and validated using statistical calculations. The R 2 value for both the training and test sets were significant for the hypothesis AAARR.1386. This pharmacophore was identified to have 5 pharmacophore features namely 3 hydrogen bond acceptors and 2 aromatic rings. Thus, such a pharmacophore model provides insights into the structural and chemical features of the EGFR inhibitors of Quercetin derivatives and validates the result that these compounds can be used for effective inhibitors of NSCLC cells and the features of the receptor, obtained from the pharmacophore model can be used in further studies. 
